Plant specialized metabolism (SM) enzymes produce lineage-specific metabolites with important ecological, evolutionary, and biotechnological implications. Using Arabidopsis thaliana as a model, we identified distinguishing characteristics of SM and GM (general metabolism, traditionally referred to as primary) genes through a detailed study of features including duplication patterns, sequence conservation, transcription, protein domain, and gene network properties. Study of benchmark genes revealed that SM genes tend to be tandemly duplicated, co-expressed with their paralogs, narrowly expressed at lower levels, less conserved, and less well connected in gene networks relative to GM genes. Although the values of each of these features significantly differed between SM and GM genes, any single feature was ineffective at predicting SM from GM genes. Using machine learning methods to integrate all features, a well performing prediction model was established with a true positive rate of 0.84 and a false positive rate of 0.23. In addition, 82% of known SM genes not used to create the machine learning model were predicted as SM genes, further demonstrating its accuracy. Application of the prediction model led to the identification of 1,817 A. thaliana genes with high confidence of being SM genes, providing a global estimate of SM gene content in a plant genome.
Introduction
Gene duplication and subsequent divergence/loss events led to highly variable gene content between plant species (1, 2) . This high rate of differential gain and loss events have led to a repertoire of metabolic enzymes ranging from those involved in generally conserved, primary metabolic processes found in most species, such as carbohydrate metabolism or photosynthesis (referred to as general metabolism, or GM, genes), to those that function in lineage-specific specialized metabolism (SM) (3) (4) (5) (6) . The proliferation of lineage-specific SM genes in plants resulted in an overall far larger number of specialized than general metabolites. Specialized metabolites are important for niche-specific interactions between plants and environmental agents that can be harmful (e.g. herbivores) or beneficial (e.g. pollinators) (3, (6) (7) (8) . In addition, specialized metabolites are the basis for thousands of plant-derived chemicals, many of which are used for medicinal and/or nutritional purposes, such as carotenoid derivatives with antioxidant properties or vitamins in tomato (9) (10) (11) . Thus, identification of the genes led to enzymes that produce SMs (referred to as SM genes) is key to understanding the causes underlying the diversity of plant specialized metabolites as well as for the engineering of plant-derived chemicals and pharmaceuticals.
Despite their importance, most plant metabolites and the enzymes and genes involved in their biosynthesis are yet to be identified (12) . Although most SM genes arise by duplication of GM genes (3, 5, (12) (13) (14) , duplication itself is not sufficient for pinpointing SM genes for four reasons. First, genes encoding GM or SM enzymes can belong to the same family, Second, duplicated GM genes may not necessarily become specialized (1) , and minor sequence changes can lead to substantially altered enzyme functions (15, 16) . Third, SM genes may arise through lineage-specific loss of the GM function without duplication. Finally, convergent evolution may contribute to unrelated enzymes in different lineages that use the same substrate to make similar products (5) . Consequently, despite the presence of a diverse repertoire of enzymes in many plant species, it remains unresolved whether most plant enzyme genes are involved in GM or SM pathways, including the most well annotated plant species, Arabidopsis thaliana (3, 5, 13, 14) . Therefore, in recent years there has been a renewed focus on identifying SM genes (17, 18) .
Despite the challenges, aside from duplication status, multiple properties may be useful in distinguishing SM from GM genes, including restricted phylogenetic distribution, a higher family expansion rate, tandem clustering of paralogs, a propensity for genomic clustering (close physical proximity of genes encoding enzymes in the same pathways), and higher degrees of co-expression (4, 17) compared to GM genes. Recent, pioneering studies have used coexpression with known SM genes (17, 19) or genomic neighborhood and gene-metabolite correlation (20) to predict SM genes. Nonetheless, the association of these properties with SM genes is far from absolute (21) . To overcome this limitation, an approach jointly considering sequence similarity, co-expression, inferred enzyme activity, and genomic clustering can be used (18) . We developed a machine learning approach to identify SM genes from A. thaliana using multiple data types including those that were not considered previously (i.e. duplication type, evolutionary patterns, epigenetic marks, and protein-protein interactions). We first determined the extent to which diverse properties differ between SM and GM genes. Next, we established machine learning models to make global predictions of SM genes as well as predictions of SM genes that belong to glucosinolate pathways and terpene synthase, P450, and methyltransferase families.
Results and Discussion

Benchmark SM and GM genes
Currently there are two sources for plant SM and GM gene annotations: Gene Ontology (GO; (22) ) and AraCyc (23) . For SM genes, we started with the 357 genes with the GO term secondary metabolic process, and 649 enzyme-encoding genes in 129 AraCyc secondary metabolism pathways (Dataset S1). Initial GM genes included 2,009 with the GO term primary metabolic process and 1,557 enzyme-encoding genes in 490 AraCyc non-secondary metabolism pathways (Dataset S1). Although 32.4% of GO-and 41.8% of AraCyc-annotated GM genes overlapped, only 24 SM genes (6.7% of GO-and 3.7% of AraCyc-annotated SM genes) overlapped ( Figure 1A) . While this is a significantly higher degree of overlap than expected by chance ( Figure S1A, B) , it indicates a greater inconsistency in SM annotation criteria between these two datasets compared with GM annotation criteria. As a result, GO-and AraCyc-annotated SM genes have different GO-term (function), AraCyc (pathway), and Pfam (24) protein domain annotations ( Figure 1B , Figures S1C,D, Dataset S1,S2).
For example, GO-annotated SM genes tend to be overrepresented in lignin, coumarin and phenylpropanoid biosynthesis categories. In contrast, AraCyc-annotated SM genes are overrepresented in anthocyanin and flavonoid biosynthetic processes. The only commonly enriched functional category is related to glucosinolate biosynthesis. With regard to pathway annotation, GO-annotated SM genes are overrepresented in, for example, biosynthesis of flavonoids, leucine, suberin monomers and wax. In contrast, AraCyc-annotated SM genes are overrepresented in the terpenoid, camalexin, carotenoid, farnesene, and glucosinolate biosynthesis pathways ( Figure S1C) . The only commonly enriched pathway is flavonoid biosynthesis. Importantly, some SM gene enriched pathways and GO terms, such as leucine, suberin, wax and carotene biosynthesis, are found across all major land plant lineages and genes with these annotations should be considered GM genes. In contrast to SM genes, GOand AraCyc-annotated GM genes tend be over-represented in the same functional categories and pathways ( Figure 1B) . To include as many annotated SM genes as possible, we defined 392 "benchmark" SM genes as the union of GO and AraCyc SM annotations with Enzyme Commission (EC) numbers (Dataset S1). Similarly, 2,226 benchmark GM genes are from the union of GO and AraCyc primary metabolism gene annotations with EC numbers (Dataset S1).
Differences in gene expression and epigenetic marks between SM and GM genes
To assess differences in expression of SM and GM genes, we examined transcriptome datasets encompassing 25 tissue types (developmental dataset) and 16 abiotic/biotic stress conditions (stress dataset, see Methods). We found that SM genes had significantly lower median expression levels (Mann Whitney U, p=2e-24, Figure 2A ), lower maximum expression levels (p=0.04, Figure 2A) , and narrower breadth of expression (p=1.2e-35, Figure 2A ) than GM genes, but no significant difference in expression variability (p=0.26, Figure 2A ). These differences are consistent with the observation that SM genes have more specialized roles, whereas GM genes are involved in basic cellular functions (3, 6) . SM genes tend to be upregulated under a higher number of shoot (p=2.1e-7) and root (p=9.1e-15) abiotic ( Figure 2B ) and shoot biotic (p=1.8e-8), Figure 2B ) conditions than GM genes, consistent with the roles of some specialized metabolites in environmental interactions (20) . Relatively fewer SM genes were down-regulated under stress compared with GM genes (Figure 2B) , likely reflecting a growth-defense tradeoff (25) where GMs involved in house-keeping functions are downregulated under stress and SM genes with roles in abiotic and biotic interactions are not. In addition to expression profiles, we compared the numbers of CG methylated and histone modification sites, both of which can influence gene expression (26, 27) . We found that SM genes tend to have a lower degree of gene body CG-methylation (Dataset S2, see Methods) than GM genes (Fisher's exact test, p=2.81e-5). On the other hand, the extent of histone modification does not significantly differ between SM and GM genes for seven of the eight histone marks (see Methods, Figure S2A ).
To explore general differences in expression patterns between SM and GM genes, we evaluated expression correlation between each SM/GM gene and its paralogs (in the form of maximum Pearson's Correlation Coefficient) in each of the four expression datasets (abiotic stress, biotic stress, development, and hormone treatment). Because SM genes tend to have undergone more recent expansion (2, 4) , SM paralogs had a significantly higher expression correlation in all four data sets (Mann-Whitney U test, all p<0.05, Figure 2C ). We next looked at the maximum expression correlation between each SM gene to other SM genes (SM-SM) or to GM genes (SM GM), as well as between each GM gene to other GM genes (GM-GM) or to SM genes (GM-SM). The expression correlations follow that: GM-GM > SM-GM > SM-SM > GM-SM (all p<0.05, Figure 2D ). The higher expression correlation in GM-GM compared to SM-SM may be due to the more recent duplication of SM genes relative to GM genes. Taken together, our findings indicate that expression correlations can be features distinguishing SM and GM genes.
To further assess if co-expression patterns can also be used to distinguish SM and GM genes, we used six algorithms to define co-expression modules based on expression in three expression datasets (Figure 2E , Dataset S2). Among these modules, 99 and 125 contained a significantly larger number of SM genes than randomly expected (α=0.05) and are referred to as SM modules. Similarly, 125 GM modules were significantly enriched in GM genes. Therefore, a subset of annotated GM and SM genes tend to be co-expressed with other GM and SM genes, respectively. However, >50% of SM and GM genes did not belong to SM/GM modules (gray, Figure 2E ). In addition, 0.3%-14.0% of GM genes were found in SM modules and 0%-32% of SM genes were found in GM modules, depending on the dataset and algorithm (Figure 2E) . This pattern reflects the fact that some GM genes function upstream of an SM pathway and further highlights the challenge in differentiating SM and GM genes using co-expression patterns alone.
Network properties of SM and GM genes
SM genes tend to have specialized functions and are involved in one or a few pathways, leading us to hypothesize that SM genes would have fewer connections in biological networks than GM genes. To test this prediction, we first assessed the connectivity among SM genes and among GM genes in a protein-protein interaction network (28) and found that SM genes have a significantly smaller number of physical interactions (mean = 1.25) than GM genes (1.84, p=0.03, Figure S2B ). The smaller number of SM gene interactions is not because SM genes have shorter coding regions (SM>GM, p=0.004, Figure S2C ) or fewer protein domains (SM<GM, p=0.352, Figure S2D ). Thus, the significantly fewer protein-protein interactions formed by SM proteins is consistent with SM genes having more specific functions than GM genes (6) . It is also possible that there are more interaction experiments for GM genes, or GM genes tend to be in larger pathways compared to SM genes. Next, we examined the same relationships using the AraNet functional network (29) , which connects genes likely with similar functions through the integration of multiple datasets, including expression and protein-protein interaction. However, there was no significant difference between the number of genes connected to SM genes and to GM genes (p=0.139, Figure S2E ), suggesting that network connectivity based on gene-gene interactions is not useful for distinguishing between SM and GM genes.
Evolutionary rates of SM and GM genes based on within-and cross-species comparisons
SM genes are frequently involved in plant adaptation to variable environments (30, 31) . In contrast, GM genes -which are involved in ancient and stable metabolic functions such as photosynthesis -are expected to be more highly conserved and experience stronger negative selection (32) . To assess differences in the evolutionary rates of SM and GM genes, we searched for A. thaliana SM and GM paralogs as well as homologs across six plant species spanning more than 300 million years of evolution (see Methods). A significantly higher proportion of SM genes have paralogs than GM genes (p=1.2e-10, Figure S3A ). However, consistently fewer SM genes (14.8-54%) have homologs across species than GM genes (27-76%) (all p<2e-4, Figure S3A ). In addition, only 0.94% of SM genes have homologs in core eukaryotic genomes (33) compared with 14.7% of GM genes (Figure S3A ). Finally, we determined the timing of GM and SM duplications over the course of land plant evolution (see Methods). The most recent duplicates of 75% of SM genes were found within the Brassicaceae family compared to only 40% of GM genes ( Figure 3A) . Additionally, 25% of SM genes were duplicated within the Arabidopsis genus, compared to only 7% of GM genes ( Figure 3A) . Thus, SM genes have higher duplication rates, but do not persist in the long run, leading to observation of fewer homologs across species. In addition, SM genes tend to be more recently duplicated relative to GM genes. We also found that SM genes and their homologs had significantly higher nonsynonymous (dN) to synonymous (dS) substitution rate ratios (all p<1e-06, Figure 3B ) and higher nucleotide diversity values ( Figure S3B ) compared with GM genes. Together with other measures of selection (Figure S3C, D) , both within-and cross-species comparisons suggest a lower degree of conservation and weaker negative selection on SM genes relative to GM genes. This is consistent with the roles of SM genes mostly in the production of metabolites important for tolerance to rapidly changing abiotic stress conditions and defense against biotic agents (6) .
Duplication mechanisms and genomic clustering of SM and GM genes
Mechanisms in how a gene is duplicated, such as via whole genome duplication (WGD), tandem duplication, or dispersed duplication, may impact subsequent functional divergence and ultimately influence whether a duplicate is under selection and retained (1) . Therefore, we first compared the number of GM and SM duplicates generated by WGD in the A. thaliana lineage and found no significant difference in the number of SM and GM duplicates (p=0.1, Figure  S4A ). However, the expansion of genes involved in the biosynthesis of glucosinolates is due to the α WGD event (34) . This may suggest that the glucosinolate pathways are an exception to the general pattern. Compared to WGD, significantly more SM genes tend to be tandem duplicates than GM genes (p=1e-48, Figure S4A ). Considering that genes involved in response to the environment are more likely to be tandem duplicates (2, 35) , tandem duplication potentially allowed for rapid evolution of SM gene families that are subject to selection in variable environments.
To measure the degree of SM and GM gene gain and loss, the numbers of paralogs and pseudogenes were used as indicators of gains and losses, respectively. SM genes tend to have more paralogs (p=3.5e-74, Figure 3C ), higher sequence similarities to their paralogs (p=3e-3, Figure 3D ), and lower synonymous substitution rate (dS) (p=1e-19, Figure 3E ) compared to GM genes. Furthermore, a higher percentage of SM genes have been duplicated since A. thaliana diverged from A. lyrata (p=3.2e-8, Figure S4B ), and SM genes tend not to be found in single copies (p=3.5e-6, Figure S4C ). These findings all point to more recent expansion of SM gene families. We also compared the functional likelihood (a measure of sequence selection) (36) between SM genes, GM genes, and pseudogenes. Interestingly, we found that SM genes have functional likelihoods that are significantly lower than GM genes, but higher than pseudogenes (ANOVA, Tukey's test, p=2e-16, Figure 3F , Figure S4E ). Because genes under strong negative selection have high functional likelihoods that are close to one, whereas pseudogenes tend to have values close to zero (36) , this finding indicates that some SM genes are under weaker selection and may be in the process of becoming pseudogenes. The proportion of pseudogene paralogs for SM genes (9.8%) compared with GM genes (6.5%) is not significant (p=0.2, Figure S4D) . Considering that SM genes tend not to have cross-species homologs (Figure S3A) , this finding suggests that pseudogenes likely did not persist sufficiently long to be an adequate indicator of gene loss.
SM and GM genes that function in the same pathway can sometimes cluster together in the same region of the genome (referred to as genomic clusters) (18, (37) (38) (39) . We used two approaches to see if SM and GM genes tend to be in genomic clusters. In the first approach, we asked whether SM and GM genes tend to be located near other SM and GM genes, respectively, regardless of whether the neighboring genes are paralogous or not. We found that SM genes cluster near other SM genes (p=9.5e-121, Figure S4F ) and GM genes tend to be close to GM genes (p=4.1e-12, Figure S4G ). In the second approach, we defined metabolic clusters identified using Plant Cluster Finder (18) but the identified clusters were not enriched in either SM or GM genes ( Figure S4H ). Taken together, SM genes are more likely to be tandemly duplicated and tend to belong to large gene families. SM genes also tend to in genomic clusters with other SM genes, indicating that these characteristics may be useful features in distinguishing SM and GM genes. In the following section, we integrate these features to establish an SM-gene prediction model using machine learning approaches.
Machine learning model for predicting SM and GM genes
In total, we examined 10,243 features (summarized in Dataset S3) that differ widely in ability to predict benchmark SM and GM genes. We use machine learning because it allows us to leverage multiple features together to build an integrated model, offering better predictive power by lowering the false negative rate (FNR) and the false positive rate (FPR), compared to using each feature individually to build a naïve model. For example, the best performing single feature, gene family size, led to a model with an Area under Receiver Operating Characteristic curve (AuROC) of 0.8. AuROC of 0.5 indicates the performance of random guesses and a value of 1 indicates perfect predictions. However, using this high performing feature alone as the predictor resulted in a 43% FPR and a 58% FNR. In addition, the majority of the features are not particularly informative (Dataset S3), as the average AuROC for single features was extremely low (0.5) with an average FPR of 89%.
These findings indicate that SM and GM genes are highly heterogeneous and cannot be distinguished with high accuracy by single features. To remedy this, we integrated all features using two machine learning algorithms, Support Vector Machine and Random Forest (see Methods). The better performing SM gene prediction model with Support Vector Machine had an AuROC=0.82, 16.6% FPR, and 2.7% FNR (Figure 4A) . Randomizing SM/GM labels but maintaining the same feature values associated with the benchmark genes as the initial model resulted in AuROCs between 0.51-0.57, as expected for random guesses (Dataset S3). Note that the performance measures reported above were based on models built with a 10-fold cross-validation scheme where 90% data was used for training the models and 10% for testing them. Based on the prediction outcomes, each gene was given an "SM score" ranging from 0 to 1 indicating the likelihood that the gene was an SM gene. Based on a threshold SM score defined by minimizing false predictions (see Methods), we found that 84.4% of the training SM genes were predicted correctly (Figure 4B) , while 72.2% of the training GM genes were correctly predicted (Figure 4B) , a significant improvement from individual feature-based models.
Features important for SM gene prediction and model application on unannotated enzyme genes
In addition to the SM score, the machine learning result included a list of feature "weights" where features with more positive values are more informative for predicting SM genes. In contrast, more negative feature weights are more informative for predicting GM genes (Dataset S3, Figure S5A ). The most informative features for predicting SM genes included specific protein domains as well as multiple gene duplication-related features, such as duplication mechanism (alpha and tandem), gene family expansion (family size), and timing of duplication ( Figure 4C ). In addition, duplications immediately prior to the divergence of the A. thaliana lineage from the A. lyrata, Capsella rubella, Vitis vinifera, Solanum lycopersicum, and Picea abies lineages were among the most informative for predicting SM genes. This potentially reflects the major time points of diversification in specialized metabolites and SM pathways. In contrast, duplication prior to the divergence from Brassica rapa (the most distant Brassicaceae species used in this analysis), which corresponds to the most recent whole genome duplication in the Brassicaceae lineage, and Amborella trichopoda (a basal angiosperm) and Marchantia polymorpha (liverwort) lineages are informative for predicting GM genes. Finally, expression correlation with a paralog under abiotic stress as well as hierarchical, k-means, and approximate k-means co-expressed clusters under stress, diurnal, and development were helpful for predicting both SM and GM genes.
With the accuracy of the SM gene prediction models demonstrated through crossvalidation and prominent features identified, we next applied our machine learning models to make predictions for 3,104 enzymatic genes not annotated to be SM or GM genes (see Methods, Dataset S1). Of these genes, 46% (1,610 genes) were predicted to be SM genes. We took three approaches to assess the accuracy of these predictions of SM and GM genes. First, prior to model training, we intentionally held out 17 known SM genes (Figure 4B, Dataset S1) from any model training. Upon application of the machine learning model, 14 were correctly predicted as SM genes, indicating that the model has an 82% True Positive Rate (or 18% FNR). Second, we tested how well genes in well-known SM pathways involved in glucosinolate biosynthesis (38, 39) could be predicted. To do this we built a new model using the benchmark SM and GM genes but excluding genes from glucosinolate biosynthetic pathways (see Methods) ( Figure 4B, Dataset S1) . When applying this new model to glucosinolate genes, 86% of known glucosinolate pathway genes were correctly predicted as SM genes. Thus, the FNR is at 14%, much lower than the 58% FNR using the best gene family size feature.
Finally, three enzyme families (methyltransferase, terpene synthase, and cytochrome P450, see Methods) were analyzed to test model performance within a specific family ( Figure  4B, Dataset S1) . These families were chosen because they tend to be associated with SM. We built separate models for each family, excluding the genes belonging to each respective family during model training. Upon applying this model to each enzyme family, 86% P450, 85% terpene synthase and 67% methyltransferase genes were predicted as SM genes (Figure 4B) . Taken together, our models allowed assessment of the relative importance of features in distinguishing SM and GM genes, as well as provided predictions for SM genes among enzyme genes with no known SM/GM designation. In addition, these models can predict the majority of hold-out genes with known SM functions, glucosinolate pathway genes, and enzyme families whose members predominantly play roles in SM pathways. These findings indicate that our models and this general approach are valuable for classifying unknown enzymes.
Characteristics of Mis-Predicted Genes
Although our SM prediction model performed well, we found that 431 GM-annotated genes (27.8% of benchmark) were mis-predicted to be SM, while 31 SM genes (15.5% of benchmark) were mis-predicted as GM genes. To assess the causes of mis-predictions, we used a subset of the most informative features (Figure 4C, Dataset S3 
) to determine how their values differed between four gene classes based on the consistency between annotations and predictions. These four classes include: (1) annotated GM predicted as GM (GM [annotation]
GM [prediction]), (2) annotated SM predicted as SM (SM SM), (3) annotated GM predicted as SM (GM SM), and (4) annotated SM predicted as GM (SM GM). Genes in the mispredicted classes (3 and 4) tend to have feature values between those of genes in correctly predicted classes (1 and 2). For example, the median values of the feature functional likelihood among these four gene classes follow the order, from high to low: GM GM, SM GM, GM SM, SM SM (Figure 4D) . The same pattern is also true for median expression levels (Figure 4E) , the number of expressed conditions (Figure 4F) , dN/dS values (Figure 4G) , and values for other gene features we have examined (Figure S5A-J) . Thus, in the SM GM mispredicted class, the annotated SM genes in fact possess properties that are more similar to those of GM genes and vice versa (Figure 4D-G, Figure S5A-J) .
These observations suggest the hypothesis that some of the mis-predicted benchmark genes (Figure 4B ) may in fact be mis-annotated. To assess this idea, we collated literature information on 17 genes with consistent GO/Aracyc annotations and our model predictions (GM GM=4, SM SM=13), as well as 13 genes that were inconsistent (SM GM=3, GM SM=8, Dataset S1). We focused on genes in the P450/ terpene synthase families because they were among the best characterized (SI text). For mis-predicted genes, one of three genes in the SM GM class had supporting GM evidence (cinnamate-4-hydroxylase) and four of eight genes in the GM SM class had supporting SM evidence (SI text). These findings indicate that a subset of these genes (45% based on the genes examined) are mis-annotated, rather than mis-predicted, particularly among GM annotated gene. It is possible that some of the erroneous annotations are based on in vitro biochemical activity and/or sequence similarities alone, criteria that may not accurately represent the in vivo functions. We also examined genes with conflicting annotation information between GO and AraCyc (11) or with no GM/SM annotation (4) (Dataset S1) and found our predictions and biochemical data are consistent in 87% cases (SI text). Together with the finding that all (17/17) genes with consistent annotations and predictions had biochemical evidence supporting their SM/GM classification (SI text), these results further support the utility of our machine learning model and demonstrate the feasibility in using the model prediction outcome to prioritize future experiments to determine the in planta role of SM or GM genes, including those that may be mis-annotated or have functions beyond their annotated activities.
Conclusions
Machine learning models using genomic features show considerable promise in predicting the functions of unclassified or unannotated genes (18, 36) . We have identified significant differences between SM and GM genes in A. thaliana related to expression, evolution, and duplication, (see Dataset S2 for full feature list) and have shown these features can be used to distinguish SM genes from GM genes using machine learning approaches. In addition, while individual characteristics significantly differ between SM and GM genes, the effect sizes are small and any individual characteristic does a poor job of predicting SM genes relative to a model that includes a combination of characteristics. Therefore, we developed SM vs. GM models that predict SM genes among enzymatic genes as well as within a specific pathway or family of genes. It is important to note scores can be used to prioritize genes of unknown function for analysis based on SM likelihood.
Although the SM gene prediction model performs well, there are two areas that can be improved. First, high quality benchmark data is essential for building a good machine learning model. Our model predictions, particularly those disagree with existing annotations should be examined experimentally to assess the reasons behind the discrepancy. The information can then be incorporated for iteratively refine the prediction model. Second, additional features that can distinguish SM and GM genes may be needed to further improve model performance. In this study, a collection of >10,000 features were examined either because there was prior knowledge of their importance or because they were potentially useful. The challenge is how to identify these missing features. Another consideration is that our model is for distinguishing SM and GM genes. There are 151 GO and 259 AraCyc genes that are annotated to play roles in both specialized and general metabolism (Figure 1A) . In addition, there are >90 SM pathways in AraCyc. Future studies distinguishing SM, GM, and genes in both SM and GM pathways can be carried out through multi-class modeling methods. It will also be desirable to devise models that can predict SM genes at the pathway level.
In summary, our study provided a detailed analysis of features where a subset of them represent signatures of SM and GM genes that have not been reported previously. Using machine learning models integrating heterogenous features, a global prediction of enzymeencoding SM genes in A. thaliana is generated which can be used for selection of candidate genes for functional characterization. The machine learning framework we have adopted can be score was above the trusted cutoff parameter. Enriched domains were then used as model features (totaling 4,217 features).
Expression dataset processing and co-expression and gene network analysis
Expression datasets were downloaded from TAIR ((40); http://www.arabidopsis.org/). Target datasets included plant development (43) , biotic stress (44) , abiotic stress (44, 45) , hormone treatment (46) and diurnal expression (47) . Genes that were considered significantly expressed relative to background in the development expression dataset were those with a log 2 microarray hybridization intensity value of ≥ 4 (the cutoff value is based on our earlier study, (36) ). The median and maximum expression levels and expression variation and breadth across the developmental expression dataset were calculated as previously described (36) . Differentially expressed genes under biotic stress, abiotic stress, and hormone treatments were defined as those that had an absolute log 2 fold change ≥ 1 and adjusted p<0.05 following analysis using the affy and limma packages in R (48, 49) . For each gene, the number of conditions in which the gene in question was significantly differentially regulated was also calculated. This resulted in 16 expression values that were used as model features (Dataset S2).
For each expression dataset (development, abiotic, biotic, and hormone), Pearson Correlation Coefficients (PCC) were calculated between each gene and genes in the same paralogous cluster as defined by ORTHOMCL v1.4 (50) . For the gene in question, the maximum PCC <1 for genes in the paralog cluster was used as the PCC value. In addition to examining expression correlation, co-expressed genes in the biotic stress, abiotic stress, diurnal, and developmental datasets were classified into co-expression clusters using standard K-means, approximate kernel K-means, c-means, and hierarchical clustering algorithms as described in our earlier study (21) resulting in 5,303 binary features. For K-means-related analyses, the within sum of squares was plotted against the number of clusters, and K was chosen based on the number of clusters at the elbow or bend of the plot. Gene clusters that were significantly enriched in SM or GM genes were identified using Fisher's exact tests (adjusted-p<0.05). The number of AraNet gene network interactions ((29); http://www.functionalnet.org/aranet/), number of protein interactions (28) , domain number, and amino acid length were calculated in our earlier study (36) . There were 23 model features related to PCC values, significant cluster membership, and gene network data (Dataset S2).
Conservation, duplication, methylation, histone modification, and genome location related features
Nonsynonymous (dN)/synonymous (dS) substitution rates between plant homologs, core eukaryotic gene status, nucleotide diversity data, Fay and Wu's H and MacDonald-Kreitman test statistics were the same as used in our earlier study (36, 51, 52) . The timing of duplication of an A. thaliana gene X was defined based on a comparison of the BLAST scores between X and its closest paralog Y (S X,Y ) and between X and its closest homolog Z in each of 15 other plant species (S X,Z ): A. lyrata, C. rubella, B. rapa, Theobroma cacao, Populus trichocarpa, Medicago truncatula, V. vinifera, S. lycopersicum, Aquilegia coerulea, Oryza sativa, A. trichopoda, P. abies, Selaginella moellendorffii, Physcomitrella patens, and M. polymorpha. Among cases where S X,Z > S X,Y , the species with gene Z most distantly related to A. thaliana was identified. Thus, the timing of X duplication must be immediately prior to the divergence between A. thaliana and the species harboring gene Z (Dataset S2). Pseudogenes were defined using a published pipeline (53). The lethal gene scores, which represent the relative likelihood that a mutation in a gene is lethal, and additional gene duplication-related features, including gene family size, rates of synonymous substitutions, α and β γ whole genome duplication status, and tandem duplicate status (Dataset S2), were obtained from (36) .
CG methylation and log fold change of histone marks relative to background were taken from (36) . The average of the log fold change of each histone mark was calculated for all histones that overlapped with a gene. There were 37 feature values related to conservation, duplication, methylation, and histone modification (Dataset S2).
Three approaches were used to evaluate the degree of metabolic gene clustering. The first approach involved a co-localization measure defined as, for each gene X (GM or SM), the number of GM or SM genes within five or 10 genes from X (four features, Dataset S2). For the second approach, we first defined a metabolic gene cluster as a group of >1 genes annotated to as SM or GM genes where the neighboring SM/GM gene pair were within 10 non-SM/GM genes and 100 kb of each other. The clusters were then determined to be homologous or nonhomologous by the presence of a significant BLAST match in a given cluster (two features, Dataset S2). In the third approach, metabolic gene clusters were identified using the Plant Cluster Finder tool (18) with the following parameters: has >2 metabolic genes, two reaction identifiers, all genes in the cluster are on the same chromosome, clusters of only tandem duplicates are not allowed, and number of metabolic genes > number of non-metabolic genes (one feature, Dataset S2). The genomic clustering values (resulting in seven features) are shown in Dataset S2.
Machine learning classification of SM and GM genes
The prediction models were built based on 10,243 features using the Random Forest (RF) and Support Vector Machine (SVM) algorithms implemented in the Weka program (54). The benchmark SM genes were first divided into a modeling set (92%) and a hold-out set for independent validation (8%). Since there were significantly more GM genes than SM genes, 100 balanced data sets were constructed by randomly selecting GM genes equal to the number of SM genes in each balanced set. Additionally, ten-fold cross validation was performed for 100 random draws of a balanced data set for each machine learning run, and grid searches were performed to obtain the best performing parameters for each model. Performance of the RF and SVM models was determined by both AuROC, or the area under the plot of the true positive (TP) rate against the false positive (FP) rate, calculated in R by the ROCR package, and Fmeasure, the harmonic mean of precision (TP/TP+FP) and recall (TP/TP+FN), where FN= false negative. A confidence score between 0 and 1 was produced by the model and was used as the SM prediction score.
To call a gene as SM or not, the threshold SM score was defined as the SM score with the highest F-measure in the RF or the SVM model. AuROC and F-measures were also calculated for each feature to determine their individual predictive value. In addition to crossvalidation, the hold-out data were used to further assess model performance. Finally, the predictive value of each feature was calculated individually with a custom python script using the known SM and GM genes and the individual feature values to calculate the FP, FN, TP, and TN rates and subsequently the F-measure and AuROC values (Dataset S3. For the random model, we first randomized the SM/GM labels of benchmark genes but with feature values associated with each gene unchanged. This randomized feature table was then used to establish machine learning models and the model performance was evaluated with F-measure and AuROC values. Models were applied to enzyme genes not classified by GO or AraCyc as SM or GM, but with known enzyme commission (E.C.) number annotations from AraCyc. Additional models were built to exclude genes in glucosinolate pathways or specific enzyme families (terpene synthases, cytochrome P450s, methyltransferases). The model built with genes excluding the designated pathway or family was then applied to classify genes in the pathway or family in question. 
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